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Abstract

This paper discusses issues in noise tolerant
learning from sensory data. A model driven
approach to symbolic learning from noisy
data is suggested.

Introduction

Sensor-driven characteristics of visual objects are
rarely noise free and most often quite noisy. “The
visual world is noisy. Even well posed visual
computations are often numerically unstable, if
noise is present in both the scene and the image.
Scenes are usually corrupted by “noise” coming
from various sources (dust, fog, sun glitter, etc.).
The image formation process introduces additional
noise. As a result, many problems which
theoretically have unique solutions become very
unstable in the presence of input noise.”
[Rosenfeld, Aloimonos et al., 1990]. To explore
the application of learning techniques to vision
domains, it is, therefore, very important to develop
approaches that are successful despite a high level
of noise in the data.

As indicated by Quinlan [Quinlan, 1986],
regardless of the source, noise can be expected to
affect the formation and use of classification rules.
Inductive learning systems must perform some
form of generalization in order to anticipate
unseen examples. Ideally, a concept description
generated by an inductive learning system should
cover all examples (including unseen examples) of
the concept (completeness) and no examples of
other concepts (consistency), and this is what most
inductive learning systems do, generating a
complete and consistent concept description which
covers all positive examples and no negative
examples. In the case of noisy data, complete and
consistent descriptions are problematic because
multiple concept descriptions can partially overlap
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in the attribute space. This is so, because attribute
noise skews the distribution of attribute value from
the correct value. Because of the existence of noise
in the sensory data, some positive examples are
noise, that is, they are actually negative examples.
We call such examples “positive noisy examples”.
These positive noisy examples are covered by the
complete and consistent description. These
examples, however, should not be covered. On the
other hand, some negative examples can be noise,
i.e.,, they are actually positive examples. Such
negative examples are referred to as “negative
noisy examples”. Negative noisy examples are
incorrectly left uncovered.

There are two basic groups of approaches
to learning from noisy data. One is to allow a
certain degree of inconsistent classification of
training examples so that the descriptions will be
general enough to describe basic characteristics of
a concept. This approach has been taken by the ID
family of algorithms [Quinlan, 1986]. The main
noise-handling mechanism for decision trees is tree
pruning. There are two types of tree pruning: pre-
pruning, performed during the construction of a
decision tree, and post-pruning, used after the
decision tree is constructed. The second approach
is to discard some of the unimportant rules and
retain those covering the largest number of
examples. The remaining rules are a general
description of the concept. Typical algorithms
using these techniques are the AQ family of
algorithms [Michalski, 1986]. Rule truncation in
AQlS ([Michalski, 1986, Zhang and Michalski,
1989, Pachowicz and Bala, 1991], [Michalski,
1986, [Zhang and Michalski, 1989], and the
significance test in CN2 [Clark and Niblett, 1989]
are also examples of that approach. Other
approaches are based on the minimum description
length principle [Quinlan, 1989] and cross
validation to control over-fitting during a training
phase [Breiman, Friedman et al., 1984].
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Because the above methods try to remove
noise in one step, they share a common problem -
the final descriptions are based on the initial noisy
data. For methods applying pre-pruning, the
attributes used to split the instance space in a
pruned tree are selected from initial noisy training
data. For methods applying pre-truncation, the
search for the best disjunct is also influenced by
noise in training data. This problem is more severe
for post-pruning and post-truncation. The post
learning concept optimization cannot merge
broken (by noisy examples) concept components
(i.e., disjuncts, subtrees). So, the "gaps" in concept
descriptions remain unfilled. Post learning
optimization will cause the complexity of concept
descriptions to decrease only if the concept
components are eliminated. i.e., without
reorganizing concept descriptions.

Method

A new approach to noise-tolerant learning, called
model-driven learning, is presented. The approach
was developed to acquire concept descriptions of
visual objects from the teacher- or system-provided
noisy training samples. This method has the
following steps (Figure 1): (i) learning concept
descriptions, (ii) the evaluation of learned class
descriptions and the detection of less significant
disjuncts/subtrees which do not likely represent
patterns in the training data, (iii) the iterative
removal (e.g., truncation or pruning) of detected
disjuncts/subtrees, and (iv) the filtration of training
data by optimized rules/trees (i.e., removal of all
examples not covered by truncated of pruned
concept description). The first novel aspect of this
approach is that rules/trees optimized through
disjunct/subtree removal are used to filter noisy
examples, and then the filtered set of training data
is used to relearn improved rules. The second novel

Learned
Concept Description
Descriptions {Rules, Trees)

Concept Description
Truncation or Pruning

aspect is that noise detection is done on the higher
level (model level) and can be more effective than
traditional data filtration applied on the input level
only. The expected effect of such a learning
approach is the improvement of recogumition
performance and a decrease in the complexity of
learned class descriptions.

Experimental validation

The experimental investigation and validation of
this approach was tested in the domain of texture
recognition. The texture domain is always
characterized by a high degree of atribute noise
and local overlap of class characteristics. Image
sections of 12 texture classes were used in
experiments. Different texture areas were provided
during the learning and recognition phases.
Texture attributes were extracted using Laws’
method which analyses a local subset of pixels.
This subset is defined by a small window in order
to derive local characteristics of pixels called
texture energy. 300 examples were selected
randomly for each texture class. This set was
divided into three separate data sets, where each set
consisted of 200 training examples and 100 testing
examples (1 out of 3 data selection method).
Learning and recognition processes were then run
on these three sets separately.

An example of one of the experiment is
shown in Figure 2. Experiment was performed
using two learning algorithms — the C4.5 decision
tree learning program and the AQ16 rule learning
program. In the experiment, one iteration of the
algorithm was used (initial learning and one
relearning from new filtered training data).

Truncated Rules
Pruned Trees

Concept Leamer
(e.g.. AQ15,C4.5)

Filtered
Training Data

Concept Description Driven
{Model -Driven)
Data Filtration

Initiai
Training Data

Figure 1: A model-driven noise tolerant learning
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Figure 2: An example of the results for one iteration of the method

Different levels of truncation and pruning
(Figure 2) correspond to different levels of concept
description component removal. The diagrams
illustrate the following evaluation criteria: average
error rate (the rate of incorrectly classified
examples to the total number of testing examples,
standard deviation from the average recognition
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rate, and minimum recognition rate (indicating the
worst performing class). An improvement of all
evaluation criteria is observed for the 1% to 8%
range of pruning level and the 1% to 10% range of
truncation. The results obtained for optimal
pruning and truncation level outperformed the
results obtained from the non-iterative approach.
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